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ABSTRACT

As chip multipro cesors (CMPs) become increasngly main-
stream, archit ects have likewise become more interested in
how beg to share a cache hierarchy among multipl e simult a-
neousthreads of execution. The complexity of this problem
is exacerbated asthe number of simulta neous threads grows
from two or four to the tensor hundreds. However, there is
no consengis in the archit ectural community on what \b est"
meansin this context. Some papers in the literature seek
to equalize each thread's performance loss due to sharing,
while others emphasize maximizing overall system perfor-
mance. Furthermore, the specic e ect of thesegoals varies
depending on the metric used to de ne \p erformance".

In thi s paper we label equal performance targets as Com-
munist cache policies and overall performance targets as
Utilitari an cache policies. We compare both of these mod-
elsto the most common current model of a free-for-all cache
(a Capitalist policy). We consider various performance met-
rics, including missrates, bandwidt h usage,and IPC, includ-
ing both absolute and relative values of each metric. Using
analyti cal models and behavioral cache simulation, we nd
that the optimal partitioning of a shared cache can vary
greatly as dierent but reasonable de nit ions of optimality
are applied. We also nd that, although Communist and
Utilitari an targets are generally compatible, each policy has
workloads for which it providespoor overall performance or
poor fairness, respectively. Finally, we nd that simple poli-
cies like LRU replacemert and static uniform partitioning
arenot su ci ent to provide near-optimal performance under
any reasonablede ni tion, indicating that some thread-aware
cache resource allocation medianism is required.
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1. INTRODUCTION

Sewral factors| including power constraints and dimin-
ishing returns on extracti ng instructi on-level parall elism from
individual threads| have led to a major industry shift to-
ward chip multipro ces®rs (CMP s). While some early CMPs
employed priv ate per-core cache hierarchies, more recert de-
signs including Intel's Core Duo [6], IBM's Power 5 [9] and
Sun's Niagara [11] use shared lagt-level on-chip caches.

Shared cadches enable more exibl e and dynamic alloca-
tion; in the extreme, one core can usethe entire cache space
if the other coresare idle. Shared caches can also provide
higher performance when cores share data. A single copy
of a cache block can be accesed from all cores with low
latency, reducing coherencetra c. The reduction in data
redundancy also leads to larger e ective capacity on chip.
This e ect can potertially o er signicant performanceim-
provemerts over private caches, particularly in larger sever
platforms where the workloads are known to share data be-
tweenthreads[12, 11]. Additionally, server threads from the
same application often run the same binary, thus sharing
instructions, and virtual machines running the same guest
operating system can read from the same operating system
binaries [20]. All of these forms of sharing have the potenti al
to benet from shared caches.

As wit h all resourcesbeing shared by competing elemerts
without regulation, there is the danger of destructive in-
terference, unfairness, or starvation of individual threads.
Thereis already evidenceof such problemsin current hyper-
threaded systemswhere two threads shareL 1 and L2 caches,
in which a garbage collection thread in a database applica-
tion running at the same time as worker threads created
such destructive interference that the performance of the
database su ered dramatically [4].

This phenomenon demonstrates the need for a policy to
control the cache allocation process, which in turn raisesthe
question of what the optimal policy might be. Of course, the
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answer to thi s quedion hinges on the objective for which we
optimize. Do we seek to maximize overall system perfor-
mance, or fairness across threads? Given one of these goals,
what metric do we seekto maximize or equalize? While
the notion of performance in single-threaded uniprocessors
is straightforward, multit hreaded systems are amenable to

multiple de nit ions, including IPCs and miss rates, both

raw (absolute) and weightedland among weighted metri cs,
mult ipl e weighti ng factors may be selected. The goal of this
paper is to explore the impact of various de ni ti ons of \op-

timal performance” on the partiti oning of a shared cache
among multi ple threads. Speci cal ly, we seekto answer the
following quegions:

Towhat extent doesthe de ni ti on of \opti mal" impact
the resulting partit ions and performance?

If we target one de nit ion of \optim al", how well does
the sysem fare with regard to other reasonable de -
nitions? In particular, how do policiestargeting over-
all performance rate in terms of fairness, and how do
policiestargeti ng fairness rate in terms of overall per-
formance?

If we de ne optim ality based on metrics that are not
readily available online, are there online measurable
metrics that correlate well that could be usedto drive
an online policy?

Borrowing loosdy from econonics terminology, we de ne
three high-level policies for cache allocation. A \ Commu-
nist" approach seels to maximize fairness, ensuring that
each thread bears an equal portion of the cache sharing
penalty, or alternati vely derives an equal benet from the
presenceof the cache. The goal of a\Ut ilitarian" policy isto
maximize the total benet for the aggregategroup|e. g., by
maximizing total throughput|wit hout regard to individual
thread performance. Finally, a \Capita list" cache palicy is
an unregulated free-for-all|the most common policy in use
today.

Intuit ively, either a Communist or Uti litari an policy seems
preferable to a Capitalist policy, as both of these seek to
maximize some desirable property, whil e the Capitalist pol-
icy makesno e ort toward any form of \go odness'. How-
ever, the issue of which metric to apply to a Utilitarian or
Communist policy remains. Miss rate is a common metric
for cache performance, but miss rate is not always propor-
tional to perceived performance. Memory bandwidth is a
scarcecommodity in CMPs, soit may be appropriate for a
Utilitari an policy to minimize tot al bandwidth. Throughput
is often the bottom line, but raw IPC is not a very useful
metric, since di erent threads have di erent levels of ILP.
Weighted IPCs [14] are attractive and have been used in
past studies, but raisethe quedion of what weighting factor
should be used.

Overall, we identify four distinct aspects of a cache parti -
tioning policy: performance targets, evaluation metrics, poli-
cies, and policy metrics.

A performance target is the end goal. A performance
target may be for all threads to have the same miss
rate, or that all threads should have the same IPC
relative to some baseline con gurat ion. The perfor-
mance targets we examine are minimizing total mem-
ory bandwidth, maximizing weighted IPC with respect

to various baselines and equalizing weighted IPC with
respect to various baselines.

The evaluation metric is the metric used to express
the performance target and to evaluate the extent to
which the target is achieved. For example, if the target
isto maximizetotal weighted IPC, then the evaluation
metric is weighted IPC.

A policy is the aspect of the cache implementation
which makesallocation decisions. One well-known pol-
icy is LRU replacemert, intended to achieve low miss
rates in the general case We compare two simple
policies|LR U and uniform static partitioning|to poli-
cies that perform allocation based on metric values
measured from application behavior. Because we are
investigating fundamental behavior rather than spe-
ci ¢ implementations, we use static o i neoptimal par-
titioning to model these policies.

A policy metric is a metric used to drive an alloca-
tion policy (the o ine optimal policies in our case).
Ideally, the policy metric and evaluati on metri ¢ would
be identical. However, the desired evaluation metric
may not be measurable online, and thus may not be
useful in driving policy decisions. Practi cal implemen-
tations may be forced to use policy metrics that are
online observable metrics that merely correlate with
the evaluation metric.

We nd that the optimal partitioning of a shared cache
can vary greatly as di erent but reasonable de nit ions of
optimality are applied. We also nd that, although Commu-
nist and Utilitari an targets are generally compatible, each
policy has workloads for which it provides poor overall per-
formance or poor fairness, respectively. Weighted metrics,
which may be di cul t to measureonline, correlate strongly
with their unweighted counterparts for Utilitari an targets,
and thus the latter may be useful as proxies for performing
online decision-making; hoever, Communist targets have no
such appropriate proxies. Finally, we nd that simple poli-
cies like LRU replacement and static uniform partitioning
are not su c ient to provide near-optimal performance under
any reasnable de nition, reinforcing that a thread-aware
cache resource allocation mecdianism is required.

We begin the remainder of the paper by discussing re-
lated work in Section 2, our experimental methodology (Sec-
tion 3), followed by our results (Section 4). We conclude in
Section 5 and o er our plans for future work in Section 6.

2. RELATED WORK

Since CMP s are a relati vely new development on the pro-
ces®r scene,the amount of related work is relatively small.
Most previous work focuses on using miss rates as perfor-
mance targets in SMT sysems.

Stone et al. [15] developed a model for studying the op-
timal allocation of cache memory among multi ple access
streams. They experimentally determine a miss rate curve
that maps cache sizeto missrate for a reference stream, and
then t that curveto an exponertial function. Noting that
the total missrate for a pair of memory access streamsis the
average of the two contribut ing miss rates, they point out
that solving for a minimal miss rate merely involves taking
the derivative of this equation, setting it to zero, and solv-
ing. They also showed that LRU typically comes close to



achieving optimal performance. They focusel on parti tion-
ing a cache between the instructi on and data acces streams
of a single workload, and did not consider partitioning across
multipl e workloads.

Thiebaut et al. [19] build on Stone's work to partit ion
disk caches for maximal hit ratios. They util ize shadow
tags, which are tagswit hout data, toindicate hits that could
have occurred had there been a larger allocation. Using this
information, they calculate the marginal gain of adjusting
the cadche allocation. They note that a problem wit h imple-
menti ng a greedy marginal gain algorithm with thi s method-
ology is actually nding the memory stream with the largest
marginal gain, sincethe functions are non-monotonic. They
resort to performing a sort every time they update a par-
tition. Their study assumed fully associati ve disk caches
and parti tioning on a disk block granularity. This amount
of computati on is likely too hefty for a CMP, while it is
acceptable for a long latency entity like a disk cache.

Suhet al. [18] propose a partit ioning scheme that depends
on oi ne proli ng of applications. Wit h the knowledge of
0 ine miss rates, an online parti tioning unit determines an
optimal partit ion for minimizing miss rates. They later de-
veloped a fully online scheme involving additional counters
in the hardware [16, 17] to calculate the marginal miss rate
reduction for eadh additional cache way for a given thread,
which they nd is a reasonable approximation for each ad-
ditional block if the cadche has su cient assaiativity. This
medhanism is ti ed to a set-assaiative LRU cache and limited
to partitioning the cadche on a per-way granularity rather
than per block. They use a greedy algorithm to allocate
cade partiti ons once they determine the marginal gains.

Chiou et al. [2] propose a partit ioning scheme that par-
titions at the granularity of cache ways. Partitioning is
achieved by limiti ng the cache ways in which a thread can
placeits data. The exibility in placement is thus limited.

Kim et al. [10] presert a cache partit ioning algorithm

which focuseson fairnessin a small scaleCMP using SPEC2000

bendhmarks. They evaluate seweral metrics and correlate
them to execution time to determine what a good online
metric to drive their policy decisions should be, and develop
an algorithm that attempts to keep those metrics as equal
as possible throughout execution time.

Chandra et al. [1] deal not with partitioning but with
predicting inter-thread cache contention in a shared cache
on a CMP, with theintent to usethis inform ation to prevent
thrashing in a shared cache. They present a mechanism to
accurately predict when threads will thrash, though they do
not present a meansto prevent it.

Huh et al. [5] focuson providing exibi lity in setting cache
sharing levelsin the hardware. The platform they presert is
a NUCA platform, and the dynamic extent of their research
is on mapping blocks to an appropriately close cache bank.
Their emphasis is on hardware implemertation.

lyer [8] presents a framework for providing di eren tiated
savicesto variousthreads via the cache hierarchy in a CMP.
The framework consists of classifying heterogeneousmem-
ory streams, assigning priorities, and enforcing them. He
presents several means of enforcing a partiti on, including
sdective allocation and set parti tioni ng.

Fedorova et al. [3] present an operating system scheduling
algorithm to deducewhich sets of threads would coexist the
best to schedule at the sametime. Their goal is to sched-
ule threads which would yield the loweg overall miss rates

witho ut starving any threads. This technique may not be
relevant on large scale CMP s where the number of software
threads may not outnumber the number of hardware threads
by so much as to make scheduling an issue. Furthermore,
large-scale CMP s will likely support multiple virtual ma-
chines, making sysem-wide optimization outside the scope
of any one OS scheduler.

3. METHODOLOGY

In this section we describe our performance target sdec-
tion, the method usedto obtain optimal allocationsfor these
performance targets, the bendmarks used, and the CMP
thread model.

3.1 Performance Target Selection

A performancetarget is some functi on of the overall cache
allocation which we seek to minimize or maximize by adjust-
ing the allocation. We use(p1; p2; ps; :::pn ) to denote the set
of cache allocations for an N -thread wogkload, such that p;
is the cache allocation for thread i and 1, pi = C, where
C isthe total cache space available.

As discussed previously, targets can be either Commu-
nist or Utilitari an in nature, emphasizing either fairness or
overall performance. Each of these high-level targets can be
applied to a variety of metrics.

A metric has two componernts: a \base" metric and an
(optional) weighting factor. We condder three basemetri cs:

Misses per access (MPA), i.e., miss rate. This is a
fundamental cache performance metric that is easyto
measureonline.

Misses per cycle (MPC) measuresbandwidth usage.
Weinclude this metric becaus o - chip bandwidth may
be a precious resourcein future servers.

Instructio ns per cycle (IPC) is instruction rate. For
a xe d program path length, e.g. no spin-wait loops,
IPC directly corresponds to throughput, and isthus a
direct measure of observed performance.

A meaningful performancetarget should re ect some tan-
gibly useful goal. Because IPC directly indicates perfor-
mance, we focus primarily on IPC-based targets. We also
consider MP C asit may prove useful for severely bandwidth-
constrained systems. We do not consider MP A-based perfor-
mance targets, since low miss rates do not directly translate
into measurable improvemert on the system level. Never-
theless, MPA is att racti ve becauseof it s easeof online mea-
surement; we will return to MPA in Section 4.4 to consider
whether it is useful as a policy metric, i.e., a measurable
proxy for other more signi cant metrics.

The other component, the weighting factor, was born out
of SMT processor performance studies [14]. Any of the met-
rics dened above can be weighted, i.e.:

M etric(pi)
M etric(baseine)

M etriCweig hted (pl) = (1)

The needfor weighti ng came about becauseof the obser-
vation that simply maximizing raw aggregate IPC leads to
policies that favor inherently high-IPC threads at the ex-
penseof low-IPC threads. Using weighted IPCs, where the
basdine isthe IPC athread achieves when it hasthe proces-
sor to itself, eliminates thi s bias, yielding a metric that does



Target Name || Description

MPC -None-Ut || Mini mizing Overall Bandwidt h

IPC-128-Ut Maximizing IPC weighted wrt 128KB performance
IPC-256-Ut Maximizing IPC weighted wrt 256KB performance
IPC-512-Ut Maximizing IPC weighted wrt 512KB performance
IPC-1024-Ut Maximizing IPC weighted wrt 1MB performance
IPC-128-Co Equalizing IPC weighted wrt 128KB performance
IPC-256-Co Equalizing IPC weighted wrt 256KB performance
IPC-512-Co Equalizing IPC weighted wrt 512KB performance
IPC-1024-Co Equalizing IPC weighted wrt 1MB performance

Table 1. Perform ance targets.

not reward starvation of low-IPC threads. This same con-
cept can be used when comparing policiesfor cache resource
sharing.

For cache sharing studies, the choice of baseline for weighted
metrics is lessclear. In the context of a CMP system with
64 cores and 32MB of shared cache, the performance of a
single thread when it has the system to itself (i.e. with
all 32MB of cache) is largely irrelevant to its performance
with the roughly 512KB of cadie it would be expected to
receive in normal operation. This baseline would also be
costly to measureonline, asit would require idling 63 cores
for long enough for a single thread to warm up such a large
cade, then repeating this task 64 times for ead running
thread. Instead, we choose a set of baseline partition sizes
that bracket the static uniform allocations for our systems|
128KB, 256KB, 512KB, and 1024KB| to seethe impact of
basdine selection on the resulting parti ti oning.

A useful perform ancetarget must combine a metric with a
Utilitari an or Communist model to describe some meaning-
ful optimization goal. A Utilitarian target minimizing raw
MPC seeks to alleviate the demand for potentially limited
o -chip bandwidt h, and thus may be useful. However, we do
not see any motivation for MP C targets based on weighted
MPC or a Communist model. Asdiscussd above, raw IPCs
also do not make meaningful performance targets due to
their tendency to favor high-IPC threads at the expense
of low-IPC threads, so we use only weighted IPC (WIP C)
for our performance targets. We apply both the Util itar-
ian model (maximizing WIPC, i.e., minimizing aggregate
relative degradation) and the Communist model (equaliz-
ing WIPC, i.e, equalizing relative degradation across all
threads). Table 1 lists all the performance targets evalu-
ated in this study.

3.2 Optimal CacheAllocations

Having selected a set of performance targets, the quegion
turns to determining an optim al allocation for a given tar-
get. Because we are studying the fundamental behavior of
di erent performance targets, we use static oi ne analysis
to determine the optimal partition for a given target. We
start by discussing parti tioning using MPA-based targets,
then use an analytic model to extend this methodology to
the MPC- and IPC-based targets we desire.

Past studi eshave observed that the overall cache missrate
(meaared in terms of missesper accessor MPA) is a simple
function of the sum of the miss rates of the contribut ing
threads [15, 18]. That is, for N threads, where M PA;(pi)

is the the missrate of of thread i with cadce allocation p;:

X
OverallM issRate = Ni M PA;(pi) 2
i=1

Combining this observation with miss rate data for each
application of interest on a range of cache sizes, a simple
search algorithm can statically determine the optimal cache
allocation py; pz;:::pn for applications1 N that minimizes
the total missesincurred.

To obtain the needad miss rate data, we util ize a trace-
baseal behavioral cache simulator called CASPER [7] to de-
termine the miss rate functions of seweral benchmark appli-
cations for a spectrum of cache sizes The CASPER simu-
lator yields non-tim ing cache behavior informati on like miss
rate, and is parameterizable accading to size, assciativity,
block size, and split versusuni ed. We use CASPER to ob-
tain miss rate curves for eight benchmarks from cache sizes
16KB to 1024KB in incremerts of 16KB; results are shown
in Figure 1. We limited our cache size to 1MB because our
data showed that miss rate errors would have been unac-
ceptably high wit h larger cache sizes Error rates stem from
the fact that in trace-basedsimulation, the rst missto a
block may have been a hit had the simulation been running
from the beginning, rather than from the middle of a trace
[21]. So, all cold missesare actually of unknown status and
comprise the error margin. Error margins can be reduced
by running longer simulations, but we were limited by the
lengths of some of the traces we were able to obtain, and
instead limited our simulated cache sizesin order to ensure
reasonable error margins.

We simulated caches with 64 byte blocks and as close to
32-way asciativit y aspossible. Sincesomecacde sizeswere
not perfect powers of 32 (e.g., 48KB), 32-way associativity
would beimpossible. In casslike these, we usedthe nearest
asciativit y to 32; in the caseof 48KB, it is 24-way asscia-
tivity. We used high asociativity becausewe did not want
conict missesto unduly color our results for small cache
sizes.

We selected eight benchmarksfor our studies. Since CMPs
are likely to be useful in the server market, we chose some
common server workloads: TPC-C, SpecWeb, iSCSI, and
SAP. At the sametime, we wanted a variety of miss rate
behaviors, and thus sdected some other benchmarks from
the SPEC2000 suite. Art and swim are what we consider to
be \pathol ogica" workloads, in the sens that no amount of
cache will reduce miss rates. We wanted workloads of this
type to mimic the pathological behavior observed in current
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Figure 1: Miss rat e curves for the benchmarks used
in this study. On the x-axis is cache size in KB,
and on the y-axis is miss rate in terms of missesper
access MP A.

systems [4]. On the other end of the spectrum are perlbmk
and vpr, meant to represent threads that may not be par-
ticularly cache intensive. From the graph, it is clear that we
got what we had hoped for in terms of a range of miss rates
and a range of \kne e" behavior. Tracesranged from 40 mil-
lion to 200 million instructi ons in length. The TPC-C and
SAP traces are Intel traces and are the shorter traces, while
the SpecWeb and iSCSI server traceswere taken from a full -
system M5 simulator [13] simulation. The SPEC2000seaver
workload traces were also taken from the M5 simulator, but
in a non-full -system mode simulation.

Since we also want to study MPC and IPC as metrics,
we note that we can use the same static o ine methodol-
ogy as long as we have a represertation of cache size-to-
IPC/MPC mappings. To get these mappings, we use an an-
alytical model to determine MPC and IPC from the MPA
data we measured using CASPER. For MPC (bandwidth) ,
we require a function which translatesM PA(p) to M P C(p).
In the following equations, M P is missesper instructi on,
AP | is accesses per instruction, CPlpase is the base CPI
of the CPU, and CPlmem ory isthe CPI added due to miss
penalti es.

MPI

MPC = CPI

MPA(p) API
CPlpase + CPlmem ory

MPC(p) =

MPA(p) API

MPC(P) = Chlmes MPA(D) API

M issP enalty
3
Thus, Equation 3 determines MP C as a function of cache
size with a given MPA curve. API is constant for each
benchmark, and experimentally determined. Since our traces
were taken from both RISC and CISC sources we adjusted
API for the Intel traces to re ect accesses per micro-op, SO

that numbers between the traces would be comparable. We
sa CPlpase t0 1, and M issPenalty to 500. We use a large
miss penalty becausewe are modeling last level cache miss
penalties (i.e. going to DRA M); in additi on, we wanted to
emphasize the impact of the memory system in our exper-
iments, since we are focused on the qualitative rather than
quanti tative behavior of cache sharing policies.
Our model for IPC is similar, using the same constants:

1

'PC= o1

1
CPlbase + Cplmem ory

IPC(p) =

1
CPlpase + MPA(pP) API @

Note that we use the somewhat more awkward IPC form
rather than CPI becauseCPI isnot additiv e acrossthreads.

Converting these equations to weighted metrics is triv-
ial; a thread's performance at a given cadce size is merely
divided by the thread's performance at the basdine size.

Given all of these size-to-metric curves determining allo-
cations that optimize over the aggregate or equalize across
contri buting threads is a simple matter. For Uti litari an tar-
gets, we consider all possible parti tions and choosethe par-
tition that yields the beg overall performance. For Com-
munist targets, we again consider all possble parti tions and
choosethe partition that yields the lowest standard devia-
tion between all contribut ing threads. The equations below
use weighted IPC wit h respect to 256KB as an example.

To nd the optimal partition for IP C-256K B-Uti litari an,
we merely have to maximize:

'PC(P) = M issPenalty

X Pci(p)

WIPC i Pp2; = TPC. (DEAK R) 5
total (P13 P25 11PN ) - | PCi (256K B) ®)

For IP C-256KB-Communist, we minimize over all threads
i
IPCi(pi)
| P C; (256K B)

3.3 CMP ThreadModel

In our experiments, we model 2, 4, 8, 16, and 32 threads
sharing 1MB of cache. We congruct the workloads by choos-
ing every possible two- and four-t hread application mix from
our eight benchmarks, with our larger workloads created by
logical replication, e.g, a 2-application mix is replicated 4
timesto yield an 8-thread workload, while a 4-application
mix is replicated twice.

Due to our static trace-based methodology, a four-thread
workload consisting of two threads from application A and
two threads from application B sharing an N MB cade
yields the same partition for ead thread as a two-thread
workload consisting of one A thread and one B thread shar-
ing an N=2 MB cadhe. Thus we can determine the parti tion
for a 32-thread workload on a 1MB cade by evaluating the
constituent four-thread workload on a 128KB cacdhe. This
technique shortens our seard ti me signi ca ntly since we now
only needto evaluate all possible ways to divide 128KB be-
tween four threads, rather than all possble ways to divide
1MB by 32 threads.

= stddev( ) (6)



Figure 2: TPC-C and SpecW eb sharin g a CMP plat-
form can yield widely varyi ng ideal allocatio ns, de-
pending on th e de nition of ideal.

4. RESULTS

We begin our analysis by presenting the impact of the
chosen performance target on the allocation of cache capac-
ity among threads. We then focus on two specic aspects
of performance target selecion: Communist vs. Utilitarian
models and the choice of baseline when using weighted met-
rics. This section ends by looking at two issues related to
implementat ion feasbility: whether there are policy metrics
measurable online that correlate well with desired evalua-
tion metrics, and whether simple policies such as LRU and
stati ¢ partit ioning can approximate any reasonable perfor-
mance target.

4.1 Optimal Partitions

We stati cally determined the optim al partiti onson all pos-
sible two- and four-application mixesfor 2 to 32 threads for
the various performance targets we examine. We found that
cache allocations can vary widely depending on the target.

Figure 2 shows an example of how signi cantly partiti on-
ing can vary due to dierent de ni tions of optimality. This
parti cular graph shows the various optim al cache allocations
of the TP C-C/Sp ecWeb application mix. The clusters along
the horizontal axis represent di erent numbers of threads
sharing a 1MB cache. Each member of aclusterisadi erent
performancetarget. The rst componert of the target indi-
cates the evaluation metric, MPC or IPC. For IPC targets,
the numerical component of a performance target indicates
the weighting factor, e.g. IPC-128 is IPC weighted against
IPC (128KB). The -Ut or -Co su x indicateswhether it isa
Utilitari an or Communist target. The vertical axis indicates
the fraction of cache given to eacdh benchmark. For exam-
ple, in the caseof 16 threads and the IPC-512-Ut target,
TP C-C receivesabout 90% of the 1IMB cade, meaning that
the 8 threads of TPC-C receive about 90% of the cache, or
equivalently that a single thread of TPC -C is about 90% of
128KB. As is clear from the graph, the allocations can vary
widely even from withi n a metric \family", like IPC-*- Ut
or IPC-*-Co. This graph shows evidence that Communist
targets can di er signi cantly from their Utilitarian coun-
terparts, and that even choosing di erent weighti ng factors

Figure 3: An oth er examp le of widely varying part i-
tions, with four benchmarks sharing a CMP . The 2
thread column is empty because there is no way to
run 4 benchmarks on only 2 threa ds.

can yield signican tly di erent results.

Figure 3 shows the same results for the 4-application case.
Optim al partition behavior varies widely and the impact of
changing performance targets isdi cult to predict. Trends
causedby varying the baseline cache size are non-monotonic.
For example, at 16 threads, going from 1P C-128-Ut to IP C-
256-Ut vyields a larger partition for SpecWeb, but its par-
tition size shrinks again when moving from IPC-256-Ut to
IPC-512-Ut.

To quantify how much partiti ons can vary overall, we de-
vised a partition di erence metric. For any application mix,
we determine the averagedi erencein allocation for a sin-
gle thread when going from any one performance target to
another. Specical ly, say the optimal partition for Appa-

Figure 4: The variation in partition size between
any given pair of performa nce tar gets. Th e values
on th e y-axisind icate th e average relativ e change in
cache all ocation as th e perfo rma nce tar get chan ges.



Figure 5: Histogram of the absolute reduction in
fairness (i.e. absolut e di erences in  when going
from a Comm unist target to its Util itarian coun ter-
part (e.g. IPC-Co-12 8 to IPC-Ut- 128).

Apps with performancetarget i is such that Appa receives

allocation pia and Appg receives allocation pg . Then the
parti tion di erence metric is de ned as:
PP P e P
i i 1Pix i x)
i j>i X
. 7
X max I'ma x ( )

The numerator represerts the sum of all the allocation
changes between all possible pairs of performance targets
and all pairs of applications within the mix, while the de-
nominator represents the total number of possbilities, with
the result yielding an average. Figure 4 shows the spectrum
of partit ion variati on for all the mixes used in this study.
This box-and-whiskers plot shows the inner two quartil es
inside the box, wit h the horizontal line representi ng the me-
dian. The whiskers extending outside the box show the re-
maining values of the outer two quarti les. T he y-axis shows
the change in allocation relative to a static uniform parti -
tioning.

Partiti on variation between performancetargets when two
threads share 1MB can vary by almost 20%, with the me-
dian at 15%. The 16- and 32-thread casesmany zero-change
instancesresulting in lower mediansbecause the 16KB parti -
tioning granularity we userepresents a signi cant fraction of
the typical per-thread allocation in a 1MB cadche. However,
there are still caseswhere there isa signi ¢ ant parti tion vari-
ation between di erent performancetargets. In all cases it
is clear that varying the performance target sdection among
a set of reasonable choicescan yield signi cant variations in
the optim al cache parti ti on.

4.2 Communism versusUtilitarianism

One of the key distinctions among previously proposed
performance targets is whethetr they target overall perfor-
mance (Uti litari an) or fairness (Communist). Both of these
goals are desirable, and it isdi cult to say in general which
is more important. In thi s section, we evaluate the quantit a-

Figure 6: Histogram of the percentage reduction in
weighted IPC when going from a Utili tarian target
to its Comm unist counterp art.

tivedi erencebetween thestargets. Speci c ally, we look at
how much fairness is lost when using a Uti litari an target in
place of a Communist target (Figure 5), and conversely, how
much throughput islost when using a Communist target in
place of a Utilitari an target (Figure 6).

In each case,we look at all pairs of workloads sharing the
same weighted IPC metric, and generate histograms indi-
cating how far the objective function for one model deviates
from its optimal value when the partiti on is optimized for
the other model. (We ignore the raw MP C metri c used pre-
viously since it does not make sense under a Communist
policy.) For example, the IPC-Ut-128 target provides maxi-
mal throughput using weighted IPC with a 128KB basdine
as the evaluation metric (maximizing WIP Cia  Of EqQ. 5,
while IPC-Ut- 128 uses the same metric but optimizes for
fairness(minimizing the of Eq. 6). The delta betweenthe

values of these models is plotted in Figure 5, while the
delta betweenthe W1 P Cia  Valuesis plott ed in Figure 6.

Both histograms have most of their samples in the bin
closest to zero, meaning that for the most part, Communist
and Utilitarian metrics are comparable; i.e. optim izing for
throughput tends to provide near-optimal fairness and vice
versa. However, both distribut ions have a signic ant tail.
In other words, Communist targets mostly yield partitions
that have near-optimal overall performance, but there are a
few caseswhere the optimal Communist partit ion yields ex-
tremely poor overall performance. Likewise, Utilitarian tar-
gets mostly yield optimal partitions that are not extremely
unfair, but there are a few caseswhich are.

Thesetwo graphs do not indicate which target is prefer-
able, but they do indicate that whichever target isused, it is
important to guard against these heavy tails such that the
resultant parti tions can be both fair and have good overall
performance. The better starting point remains to be seen
and would depend on easeand feasibility of implemertation.

4.3 BaselineWeighting Choices

As previoudly discussed, one of the subtletiesto choosing



Figure 7: This graph demon strates th e drama tic dif -
ferences th ere can be in choosing di erent baselines
for weighted metr ics. Each cluster has a bar with
value 1 because every metric correlat es perfectly to
itsel f.

aweighted performancetarget isthe sdection of the basdine
weighti ng factor. Prior work hastaken the baseline as\what
the performance would be if it had the whole system to
itself". Whil e this approach may be reasonable for small-
scalesystems, it may be both impractical and irrelevant on
an LCMP system wit h tens or hundreds of threads and tens
of megabytes of cache.

Figure 7 examines the impact of the choice of baseline by
showing the correlation coe ci ents between weighted met-
rics with various baselines A perfect correlation of 1.0 indi-
cates that thereis no di erencebetween choosing one base-
line or another. Lower correlation values indicate larger
di erences between the results of di erent baselines. As
can be seenfrom the graph, Utilitarian weighted IPC met-
rics are all reasonably close,with correlations staying above
0:8. However, with Communist weighted IP Cs, the sdection
of weighti ng factor has a great impact on resulting perfor-
mance. Given this sensitivity to the weighting factor, it
seems di cult to de ne \fai rness" in a robust and precise
fashion.

4.4 Policy Metrics

As mentioned in the introduction, an evaluation metric
may not be measurable online in real-time. A weighted
metric is di cul t to measre online becauseknowing how
some thread would fare if it had some greater portion of
the cacdhe is impossible to know without o ine proli ng,
which can be inaccurate when inputs vary, and typically
does not capture time-varying program behavior, or online
sampling, which may be impractical if it requires running
ead of many threads alone sequertially in order to achieve
unperturb ed samples. Thus, it is useful to nd what we
term policy metrics, online measurable metrics that serve
as proxies for evaluation metrics and can be used to drive
policy decisionsthat yield good performance with respect to
the performance target. In this section, we study the cor-
relations between metrics that are reasonably measurable
online and our selected performance targets. We consider
unwieghted metrics to be meadurable, asthey can typically

Figure 8: Correl atio ns between possible policy met-
rics and performa nce targets. The y-axis shows the
absolute value of r-values.

be captured online using simple counters wit hout requireing
special sampling phases

The results are shown in Figure 8. The graph shows that
miss rate (MPA) is actually correlates quite poorly with
all performance targets. Making parti tion decisions using
MPA as a replacemert for the performance targets of inter-
ed would not yield dedred results. MPC and IPC, how-
ever, are relatively good indicators for Utilitari an targets,
but poor for Communist targets. This result indicates that
there is no su ci ent policy metric that we know of to drive
an online policy for Communist weighted IP C targets. For
the benchmarks we have chosen, choosing to target a Com-
munist policy is futil e becausethere is no way to measure
how well you are doing. Thusit may make more senseto use
Utilitari an targets, while simply try ing to avoid the unfair
outliers sea in the previous section.

One interesti ng side result is that MPC (bandwidt h) and
IPC always correlate perfectly. Upon further investigation,
we discovered that this is an artifact of our performance
model described in Section 3.2. In this model, raw MPC
and raw IP C are linearly related, such that minimizing raw
MPC yields the same partit ions as maximizing raw IPC. We
expect that this relationship will continue to hold, though
lessprecisely, in real-world executions.

4.5 Policy Evaluations

Given the di cul ties in deni ng \opti mal" behavior for
cache partit ioning, werevisit theiniti al hypothesisthat some
explicit cache managemen policy is required to provide good
behavior in a shared-cache system. Is it posdble that sim-
ple, existing policies such as LRU provide adequate cache
managemert under some objectiv e functi on?

We answer this quedion by comparing two simple poli-
cies LRU and uniform cache partit ioning, with static of-
ine optimal partitioning. The goal is to show the general
sensitivit ies of these optimal policies, and whether simpler
mechanisms like LRU or or even partitioning are su c ient.
Figure 9 shows that, unlike in uniproces®r scenarios, LRU
is not particularly close to optimal for any of our perfor-
mance targets. On the x-axis are the various performance
targets, while on the y-axis the combination of all applica-
ti on mixes are broken down into four categories. Each appli-



Figure 9: This graph compares the performan ce
LR U and static unif orm partitioning (even split)
policies with our candid ate performa nce targets.

cation mix has an evaluation metric value accading to the
performance target it was being optimized for. That same
evaluati on metric is measured under the other two policies,
LRU and evenly distribut ed parti tioning. The bottom two
bars represent cases where LRU's evaluation metri ¢ perfor-
mance measures wit hin 10% of optimal, i.e. LRU isasu -
cient policy for reaching near-optim al performance. As can
be seen, LRU does a poor job for every target except raw
bandwidt h (aka raw IPC). This indicates something we al-
ready knew|LR U does a generally good job for maximizing
raw IP C [15]. The next bar up shows caseswhere LRU does
a bad job, but uniform cache distributi on remains wit hin
10% of optimal. And nal ly, the top bar shows caseswhere
an online policy is required to get near optim al.

The graph leads us to conclude that for Util itarian poli-
cies, there are two options. Oneis to alwayshave a policy ac-
tively pursue optimal partit ions, since previous experiments
show that is possible to do online using IPC or MPC as
a policy metric. However, an online policy like this could
prove costly, leading to the other possbility of using LRU
most of the time, and have some monitoring scheme deter-
mine when even parti tioning or an online policy is required.

For Communist policies, however, it is clear that even
in the general case some active policy is required. Unfor-
tunat ely, the previous set of experiments showved that an
online policy searding for optimal will be more di cul t to
implement than Uti litari an policies.

5. CONCLUSIONS

Controlling the allocation of shared cache resourcesamong
threads is a necesary task in future CMP systems. How-
ever, the selecton of the objectiv e function for guiding this
allocation is a subtle issug and di erent seaningly reason-
able objectives can lead to signicantly di erent results.

We make the distinction between performance targets, the
goals of a cache; evaluation metrics, the metrics to measire
the achievemernt of that goal; policies, the decision rules
meant to achieve the performance target; and policy met-
rics, the actual metri csusedto direct policy decisions. Many
researchers use policy metrics and evaluati on metrics inter-
changeably in the literature. However, our results indicate
that a common policy metric, missrates, isa poor proxy for

the real targets of interest. Addit ionally, selecting di erent
performance targets can cause optim al cache allocations to
vary greatly, which implies that the selecion of a perfor-
mance target cannot be done in an arbitrary manner.

We compare the e ect of applying Communist or Utili-
tari an goals in cadhe parti tioning, i.e., optimizing for fair-
ness acrossthreads or for optimal aggregate behavior. We
nd that, for most workloads, there is littl e con ict between
these targets, in that Communist goals typically lead to
near-global optima, and Util itarian goals typically provide
good fairness. However, in either case there are outlying
workloads for which a Communist goal severely degrades
global performance or a Utilitarian goal sewerely impacts
fairness Thus choosing one or the other of these goals as
primary may be lessuseful than guaranteeing that neither
fairnessnor global performanceisunduly sacriced in patho-
logical conditi ons.

We also show that weighted metrics, a standard technique
in the area of SMT researd intended to alleviat e unfairness
in resource all ocation, have unexpected issuesaswell. CPU-
oriented SMT research usesstandalone performance|i .e., a
single thread having all resources to itselfla s a baseline.
However, using standalone performance as a basdine for a
multi- megabyte shared cache in a large-scak CMP is both
less practi cal and less meaningful. Unfort unately, choosing
di erent arbitrary baselines yields signi cant variations in
performance, particul arly for Communist targets, and it is
unclear why there might be any reason to pick one over
another.

Additi onally, we invegigate the ability of online measur-
able policy metrics to act as proxies for more dedrable but
less practical evaluation metrics. We show that, for the
benchmarks selected, missrate is a poor policy metric, since
it does not correlate well wit h any desirable the performance
targets. However, raw IPC and MPC are relatively good
policy metrics for weighted IPC evaluation metrics in the
Utilitari an model. We did not nd a good policy metric for
Communist performance targets.

Finally, we determined that optim al performance can be
relatively sensitive, such that simple egablished methods
like LRU or uniform static partiti oning are insuci ent for
achieving near-optimal performance. LRU doesa good job
of maximizing raw IPC. However, LRU does not typically
come withi n 10% of optim al for Utilitarian weighted IPC
targets, and perform s even more poorly for Communist WIP C
targets. Even uniform static partitioni ng does littl e good
when LRU does poorly. Thus, parti cularly in Communist
models, we nd that an online policy to manage cache allo-
cation for optimal performance is necesary to achieve good
performance the shared caches of CMP s.

6. FUTURE WORK

The conclusions of this work lead to a number of natural
next steps. One thi ng we were interestedin is injecting prior-
itization into our performance target de niti ons as a way of
providing di erentiable quality of service (QoS). T his study
has mostly dealt with the special case where all threads are
equally important in the eyes of the optim ization.

Another aspect ripe for future work is to analyze what
characteristics causedLRU to perform poorly. Since an on-
line algorithm searching for optimal may be very costly, it
may be better to have an algorithm which usesLRU while
monitori ng for the characteristi cs that cause LRU to per-
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form poorly, and switching to a di erent policy when those
characteristics are detected. Along a similar vein, we would
like to know how di erent \nat ural" parti tions are from op-
timal ones In other words, in a Capitalist system, how does
the cadhe self-allocate, and how doesthis compare with an
allocation determined by an opti mal-sesking policy? This
can give us clues to the general sendtivity of optimal, as
well as possible identi ers that indicate when LRU will per-
form poorly.

Addi ti onally, obvious future work entails developing a dy-
namic online mechanism for determining and enforcing op-
timal partit ions. Since we have discovered that Utilitarian
and Communist targets are mostly comparable, we will in-
vedigate implementing both targets (including heavy-tail
guarding mechanisms), with an eye on which is more eas-
ily implemented or more feasible. This work will leave the
trace-based simulation arena and move to cycle-acairate,
and eventually, full-system simulations. We hope to create
an end-to-end cooperative system between the hardware, hy-
pervisor, and operating system for cache managemern.
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